This paper investigates the cross-sectional pricing ability of the short-and long-run components of global foreign exchange (FX) volatility for carry trade returns. We find a negative and statistically significant factor risk price for the long-run component, but no significant pricing effect due to the short-run volatility component. We also document that the dynamics of the longrun component of global FX volatility are related to US macroeconomic fundamentals. Our results are robust to various parametrizations of the volatility models used to obtain the volatility components and they are invariant to alternative asset pricing testing methodologies and sample periods.
Introduction
The uncovered interest rate parity (UIP) condition postulates that the expected foreign exchange (FX) gain between two currencies must be offset by their interest rate differential.
Assuming that there are no arbitrage opportunities and therefore the interest rate differential equals the forward premium, UIP then implies that the expected exchange rate change must equal the current forward premium. This condition is routinely assumed in models of international macroeconomics and finance. The empirical failure of UIP has been documented in a vast literature over the past 40 years (see, among others, Hansen and Hodrick (1980), Fama (1984) , Engel (1996) , Sarno, Valente, and Leon (2006) , Burnside (2012) , and the references therein), and a popular speculative strategy based on the violation of the parity (i.e., FX carry trade) has gained much attention in recent academic studies. The strategy involves borrowing in low interest rate currencies and investing in high interest rate currencies and over the years it has yielded sizable returns. One of the potential rationalizations of this evidence is based on a risk argument: currencies with high interest rates are riskier than low interest rate currencies and therefore deliver higher expected returns as a compensation for bearing time-varying risk (Fama (1984) ). Albeit appealing, conventional measures of risk, such as stock market excess returns, consumption growth, term premium, and Fama and French (1993) factors have not consistently explained carry trade returns (see Burnside, Eichenbaum, Kleshchelski, and Rebelo (2011) and the references therein). In a recent study, Menkhoff, Sarno, Schmeling, and Schrimpf (2012), adopting a cross-sectional asset pricing framework, show that high returns from currency speculation can be understood as compensation for bearing global FX volatility risk. 1 On the basis of the predictions of the intertemporal capital asset pricing model (ICAPM), the authors argue that negative volatility risk premia arise because positive volatility shocks worsen the investors' risk-return tradeoff. Their approach is successful in adequately pricing the cross-section of carry trade returns, as their global FX volatility factor dominates other relevant risk measures, including FX market liquidity.
A somehow unrelated literature, concerned with modeling the volatility of asset returns, has shown that empirical models containing only one component are often inadequate to capture the salient features of asset returns. In fact, empirical observation has shown that the volatility of low-frequency returns tends to be more persistent than the volatility of highfrequency returns (Engle and Lee (1999) and the references therein). As a consequence, models comprising one highly persistent and one quickly mean-reverting volatility components have been found to systematically outperform one-component specifications (see, among others, Chernov, Gallant, Ghysels, and Tauchen (2003) , Bollerslev and Zhou (2006) , Christoffersen, Jacobs, Ornthanalai, and Wang (2008) , and the references therein). The two volatility components have been rationalized on various grounds: Andersen and Bollerslev (1997) and Müller, Dacorogna, Davé, Olsen, Pictet, and Weizsäcker (1997) argue that different degrees of persistence of volatility are driven by the heterogeneity of news arrival process or investors' investment horizons. Others suggest that investors' sensitivity to new information is timevarying, which leads to a separate source of randomness (Liesenfeld (2001)) and short-run volatility effects can be dominating over certain periods of time because of extreme market movements, heterogeneous market participants, and transitory market regulations (MacKinlay and Park (2004)). The common theme of the findings recorded in these studies is that empirical investigations of the asset returns volatility should be carried out using models with multiple factors. In line with this prescription, Adrian and Rosenberg (2008) investigate the crosssectional pricing ability of volatility risk by decomposing the US equity market volatility into short-and long-run components. The authors find that both components are significant priced factors and their proposed model compares favourably against existing benchmark models.
In this paper, we combine these two separate literatures and, building upon Adrian and Rosenberg (2008) and Menkhoff, Sarno, Schmeling, and Schrimpf (2012) , we explore the asset pricing power of the short-and long-run components of global FX volatility in the cross-section of carry trade returns. The rationale for this investigation is that investors in FX markets may not react in the same way to volatility shocks that are expected to be transitory compared to highly persistent ones. Hence, innovations in the short-run component of global FX volatility may carry a price of risk significantly different from the one exhibited by the long-run component. Put differently, each of the two volatility components may have its own asset pricing effect depending on whether it reflects improvements or deteriorations in different aspects of the investment opportunity set.
Another important goal of this paper is to explain FX volatility risk in light of variations in macroeconomic conditions. Since the influential paper by Meese and Rogoff (1983) , researchers have focused their attention towards explaining the missing link between exchange rate variations and macroeconomic fundamentals. This link has not been fully recovered although recent attempts have recorded some success (see Della Corte, Riddiough, and Sarno (2014) and the references therein). The study by Menkhoff, Sarno, Schmeling, and Schrimpf (2012) is certainly successful in explaining the cross-section of carry trade returns. However, it is silent about any potential links between volatility risk and macroeconomic fundamentals.
Furthermore, Burnside, Eichenbaum, Kleshchelski, and Rebelo (2011) and Burnside (2012) show that, in the context of FX markets, proxies for business cycle risk have no significant covariation with carry trade payoffs. Given the large body of evidence relating FX movements to macroeconomic news (see, among others, Andersen and Bollerslev (1998) Our empirical analysis uncovers a host of interesting results. First, using a crosssectional asset pricing framework, we find that only the long-run component of global FX volatility is a significant priced factor in the cross-section of carry trade returns. In fact, the short-run component of global FX volatility is not statistically significant in any of the asset pricing tests carried out in this paper. This result is robust against different parametrization of the volatility models and different methodologies used to compute volatility components.
Second, we are able to uncover a significant relationship between FX volatility risk and macroeconomic fundamentals as long-run global FX volatility dynamics are significantly related to US macroeconomic fundamental shocks, especially industrial production and money balances. All results are robust against different methodologies used to carry out asset pricing tests and across different subperiods of the sample.
The remainder of the paper is organized as follows. The next section discusses the empirical framework used to estimate the components of global FX volatility and carry out asset pricing tests. Section 3 describes the data and discusses the descriptive statistics of the carry trade portfolios over the sample period. Section 4 reports the main empirical results, while Section 5 discusses a battery of the robustness checks of the main empirical findings. Section 6 explores the relationship between volatility components and macroeconomic fundamentals and a final section concludes.
Empirical Framework

Global FX Returns
We first construct a measure to proxy for global FX return on any trading day as the average of discrete returns for all currencies available on that trading day in the main sample spot FX market. The proxy is thus given by
where and denote the spot exchange rate of currency and the number of available currencies on day , respectively. We appeal to this equally weighted measure of global FX return on data availability grounds. More specifically, daily data on currency order flows as well as the shares of respective currencies in international trade or reserves are publicly unavailable for a large section of our sample. This prohibits estimating the weights of the constituent currencies in a reasonable way. We consider discrete return for each currency instead of log return, which is consistent with the computation of currency excess returns described in Section 3.2. 
Volatility Component Models
We model the volatility of global FX returns and identify the short-and long-run components by using two empirical models that have been proven successful at capturing the salient features of the volatility of daily asset returns. 4 The first candidate we consider is the component GARCH (CGARCH) model introduced by Engle and Lee (1999) to parametrically capture global FX volatility dynamics at different horizons. The model decomposes the conditional volatility process into two separate AR components: (1) a time-varying long-run trend component; and (2) a short-run transitory component as deviations from the trend. The conditional mean and the short-and long-run components are specified as 
In equation (2) 
= 7 + 8 −1 + 9 + 10 (| | − √2⁄ ),
where is an independently and identically distributed normal error term with zero mean and unit variance, is the (quickly mean-reverting) short-run component (with 4 < 8 ) , and is the (slowly mean-reverting) long-run component. The terms | | − √2⁄ in equations (6) and (7) denote the shocks to the volatility components and their expected values are equal to zero under the normality of . Similar to Adrian and Rosenberg (2008) , we also normalize the 5 The implementation of the CGARCH model requires parameters to satisfy restrictions of 0 < 2 + 4 < 6 < 1 , 0 < 7 < 4 < 6 < 1 , and 5 , 2 > 0 in order to: (1) identify individual volatility components separately; (2) ensure a positive conditional variance; and (3) attain sufficiency condition for covariance stationarity. There is no sign restriction on the coefficient ( 3 ) for the asymmetric effect term. But its statistical significance implies the presence of a threshold effect.
unconditional mean of to be zero. The coefficients 5 and 9 measure the asymmetric effects of returns on the short-and long-run components of volatility.
Asset Pricing Tests
After decomposing the volatility of global FX returns into short-and long-run components, we assess their pricing power in the cross-section of carry trade returns. Riskbased explanations for carry trade returns suggest that in the absence of arbitrage opportunities, excess return on each portfolio has a zero price. This implies that excess return to a portfolio must satisfy:
where is the expectations operator conditional on information available at the end of period , +1 is the excess return on a carry trade portfolio i, and +1 is the stochastic discount factor (SDF). Restricting the SDF to be linear in the vector of pricing factors gives
where ℎ is a × 1 vector of risk factors, = (ℎ ) , and is a × 1 vector of SDF parameters. Given equations (8) and (9), there exists a × 1 vector of factor risk prices = ∑ ℎ such that
where
is the factor covariance matrix and are the population coefficients in a regression of on risk factors ℎ . The beta representation in equation (10) states that expected excess returns for portfolio depends on aggregate risk exposure quantities (also called factor sensitivities or loadings) and factor risk prices . Focusing on the innovations of the short-and long-run components of global FX volatility (denoted by SRVI and LRVI, respectively) in addition to other risk factors found to be successful in pricing the cross-section of carry trade returns (denoted by ), the beta representation of the corresponding linear factor pricing model can therefore be written as
Fama and MacBeth (1973) show a two-pass ordinary least squares regression procedure which we follow to estimate the parameters of equation (11). The first-pass involves timeseries regressions of monthly excess returns for portfolio on a constant , factor , and innovations of the short-and long-run components. The regression specification is given by
where = 1, 2, … … , . The obtained betas are then utilized in the second-pass cross-sectional regression of average excess returns to get estimated factor risk prices ̂. The cross-sectional regression is expressed as
where ̅ = 1 ∑ =1 and the regression residuals ϛ represent the pricing errors. The secondpass regression is performed without a constant ( 0 = 0) since we do not allow mispricing common to the cross-section of excess returns for portfolios.
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The two-pass regressions, however, suffer from an errors-in-variable problem. The betas used in the second-pass are estimates of the true unknown betas. In the empirical investigation, we use the US dollar risk factor (DOL) suggested by Lustig, Roussanov, and Verdelhan (2011) as a proxy for the risk factor . The second-pass regression is carried out without an intercept. This is due to the fact that the estimated betas for the DOL factor reported in Section 4.2 have little pricing power in the cross-section of carry trade returns. The factor itself serves the function of a constant that allows pricing errors shared by currency portfolios. See on this issue, Lustig, Roussanov, and Verdelhan (2011), Burnside (2012), and Menkhoff, Sarno, Schmeling, and Schrimpf (2012) . 7 We test the null hypothesis that all (estimated) pricing errors are jointly equal to zero with the statistic: = ϛ ′ Ω ϛ −1 ϛ, where Ω ϛ is a consistent estimator for the asymptotic covariance matrix of √ ϛ. The test statistic asymptotically follows the − 2 distribution.
Netherlands, New Zealand, Norway, Philippines, Poland, Portugal, Russia, Saudi Arabia, Singapore, Slovakia, Slovenia, South Africa, South Korea, Spain, Sweden, Switzerland, Taiwan, Thailand, Ukraine, and the United Kingdom. 8 The number of currencies increases as data on more currencies, especially from developing countries, become available. The total number of currencies varies over the sample period with a minimum of 9 and a maximum of 37.
Carry Trade Portfolios
At the end of each month , currencies are assigned to five portfolios based on their forward discounts ( − )⁄ observed at the end of month . We use and to denote the levels of daily spot and one-month forward exchange rates of currency against the USD, respectively, at the end of month . We rebalance currency portfolios at the end of every month.
Currencies are ranked in ascending order with respect to their forward discounts or, equivalently, to their interest rate differentials. This results in portfolio 1 comprising 20% of currencies with the smallest forward discounts (or lowest interest rates), while portfolio 5 comprising 20% of currencies with the largest forward discounts (or highest interest rates). The monthly excess return to an investor buying a foreign currency in the forward exchange market and selling back the currency in the spot market next month is estimated as +1 = ( − +1 )⁄ . We compute the excess return +1 for currency portfolio = 1, 2, … . , 5
constructed at the end of month , but realized at the end of month + 1 as the equally weighted average of excess returns for the constituent currencies.
Previous empirical studies (e.g., Burnside, Eichenbaum, and Rebelo (2007) , Burnside, Eichenbaum, Kleshchelski, and Rebelo (2011 ), and Lustig, Roussanov, and Verdelhan (2011 , 2014 ) on carry trades suggest that transaction costs are quantitatively important, especially for developing countries. Acknowledging this possibility, we also compute net excess returns for all foreign currencies using the bid-ask quotes as in Menkhoff, Sarno, Schmeling, and Schrimpf (2012). 9 Following Lustig, Roussanov, and Verdelhan (2011) we also construct two additional 8 We also consider a smaller subsample consisting only of 15 developed countries to further comprehend the empirical results obtained for the main sample. The list includes: Australia, Belgium, Canada, Denmark, Euro area, France, Germany, Italy, Japan, the Netherlands, New Zealand, Norway, Sweden, Switzerland, and the United Kingdom. The currency coverage is as in Lustig, Roussanov, and Verdelhan (2011) and Menkhoff, Sarno, Schmeling, and Schrimpf (2012) . 9 The net excess returns estimated using the bid-ask quotes from WMR should be regarded as conservative estimates relative to returns if estimated using the effective inter-dealer quotes in FX markets. The quoted bid-ask spreads, although indicative of the daily market condition, are roughly twice larger than the effective inter-dealer spreads (Lyons (2001)).
portfolios both for transaction cost unadjusted and adjusted returns. They are: (1) the average portfolio denoted by DOL (i.e., the US dollar risk factor), which is the equally weighted average of the five currency portfolios; and (2) the long-short carry trade portfolio denoted by HML, which is the combination of a long position in portfolio 5 and a short position in portfolio 1.
The summary statistics of the five currency portfolios, the DOL and HML portfolios based on the sample of 48 countries are presented in Table 1 . Panel A reports results for cost unadjusted excess returns, while panel B provides results for excess returns net of transaction costs. Both unadjusted and adjusted annualized average excess returns increase monotonically when moving from portfolio 1 to portfolio 5 and the HML portfolio. But the payoffs to the carry trade portfolios shrink with the bid-ask spreads relative to those of the unadjusted returns.
We also carry out a formal test for the null of no-increasing monotonicity of portfolio returns as in Patton and Timmermann (2010) and find that the null hypothesis is rejected with p-values virtually equal to zero.
The annualized average excess return for the DOL portfolio is 1.91% and this becomes 1.07% when bid-ask spreads are taken into account. These numbers imply that currency speculators with access to forward markets demand a low but positive risk premium for taking long position in foreign currency. There is a sizable spread of 7.99% (5.09% net of transaction costs) between the annualized excess returns on portfolio 5 and portfolio 1 (i.e., excess return for the HML portfolio). The skewness of portfolio excess returns recorded in Table 1 is generally consistent with Brunnermeier, Nagel, and Pedersen (2009) , who show that currencies with high interest rate differentials are related to negative conditional skewness of exchange rate movements. The annualized Sharpe ratios increase monotonically as we move from currency portfolio 1 to portfolio 5 and the HML carry trade portfolio and, even after controlling for bid-ask spreads, the Sharpe ratios for portfolio 5 and the HML portfolio are notable. 
4.
Empirical Results
Estimation of the Volatility Components
In line with the existing literature (see, among others, Merton (1980 ), Nelson (1992 , and Andersen, Bollerslev, Diebold, and Labys (2003) , and the references therein), we estimate the volatility component models introduced in Section 2.2 using daily data on global FX return.
We also apply an ARMA(3,1) filter in the conditional mean of the CGARCH model to remove lower order autocorrelation dependencies in the disturbances.
The results on the estimation of the CGARCH model are reported in Table 2 . The shortand long-run components of global FX conditional volatility are identified by their relative magnitudes of autocorrelation coefficients. In particular, the estimated AR coefficient ( 4 ) for the short-run component is 0.879, which is relatively smaller than the AR coefficient ( 6 ) of 0.994 for the long-run component. 11 Both these coefficient estimates are significantly different from zero at the 1% conventional level. Although the long-run component exhibits a highly persistent shock process, it is not permanent. We reject the null hypothesis that 6 = 1 at the 5% significance level. The AR coefficient 6 exceeds the sum of coefficients 2 and 4 in magnitude implying relatively slower mean-reversion process in the long-run. The estimated coefficient ( 3 ) for the asymmetric effects is negative and significant, which suggests that short-run volatility increases more in reaction to unexpected USD appreciation. All other coefficients are statistically significant at the 1% or 5% level and have the expected signs.
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The Ljung and Box (1978) Q-statistics at 10, 20, and 30 lags, respectively, confirm that both the standardized and squared standardized residuals are serially uncorrelated.
We report the results on the estimation of the CEGARCH model in Table 3 . The model identifies a long-run volatility component whose first-order serial correlation is virtually indistinguishable from the one exhibited by the CGARCH model in Table 2 (0.992 vs. 0.994).
However, the serial correlation of the short-run volatility component is substantially lower.
Consistent with Adrian and Rosenberg (2008) , the estimated parameters 2 and 3 are statistically significant and exhibit the same sign pattern recorded for the US equity market volatility. However, differently from the US equity market, the asymmetric effect is positive and statistically significant only for the short-run component of volatility (i.e., USD appreciation increases short-run volatility), in line with the implication of the estimate reported in Table 2 . Such effect is not present in the long-run volatility component, as the parameter 9
11 These values are in line with those reported for FX volatility decomposition in the literature (e.g., Maheu (2005)). 12 The conditional variance estimate can be related to the global FX volatility measure of Menkhoff, Sarno, Schmeling, and Schrimpf (2012). To show this, we first take the square-root of the time-series on estimated conditional variance and average the resultant series over the number of trading days in each month. We then construct the Menkhoff, Sarno, Schmeling, and Schrimpf (2012) measure of global FX volatility in each month
, where denotes the total number of trading days in month . The correlation between these two versions of global FX volatilities is +79%.
is insignificantly positive. These results are generally in line with the findings reported in existing studies which consider asymmetric effects only in the short-run component of FX volatility (see Byrne and Davis (2005) Caporin and McAleer (2010) , and the references therein). In fact, out-of-sample forecasting tests allowed researchers to circumvent the inference problems associated with testing non-nested models. Along this line of reasoning, we carry out the testing procedure recently proposed by Patton (2011) for testing the null hypothesis of equal predictions originating from volatility models even in the presence of imperfect volatility proxies.
14 The results of this exercise are reported in Table 4 . The test statistics are computed for different functional form of the loss function, as suggested in Patton (2011, pp. 252−253) , and for global FX volatility forecasts computed both at daily and monthly frequencies. In all cases, the null of equality of volatility predictions originating from the CGARCH and CEGARCH models cannot be rejected at any conventional level. This suggests that the more parsimonious CGARCH model is able to generate forecasts which are not statistically different from the ones generated from the richer CEGARCH model. Moreover, the out-of-sample predictions (both at daily and monthly frequencies) of the short-and long-run volatilities generated by the CGARCH model are highly correlated with those generated by the CEGARCH model. The correlation exceeds +80% in all cases.
In light of these results, and consistent with a parsimony argument, we will use a CGARCH model in the subsequent sections of this paper to explore the asset pricing effects of FX volatility risk in the cross-section of carry trade returns.
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13 Although some alternative testing procedures have been proposed in the literature to compare the in-sample performance of non-nested volatility models (Lee and Brorsen (1997) , Kobayashi and Shi (2005) , and the references therein), they are either unsuitable to our case.
14 Full details of the out-of-sample volatility testing procedure are reported in the Internet Appendix. 15 We have also carried out a thorough robustness check on the results of our asset pricing tests using alternative frameworks used to decompose global FX volatility, which are not based on GARCH models. The
Asset Pricing Results
We carry out asset pricing tests by using the innovations in the short-and long-run components from the CGARCH model. As the analysis is carried out at the monthly level, for consistency with previous studies, we compute monthly short-and long-run components as the end-of-month values of the corresponding daily series. 16 Figure 1 shows the time-series plots of the global FX volatility components at the monthly frequency. Innovations of the short-and long-run components are computed as first differences of the estimated monthly volatility components.
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The results of the asset pricing tests for transaction cost unadjusted currency portfolios are reported in Table 5 Tables IA4−IA6 of the Internet Appendix. 16 The end-of-month estimates of volatility components closely follow their average-of-month counterparts. The correlations between the end-and average-of-month series are +93% and +92% for the short-and long-run components, respectively. The corresponding correlations increase to +96% and +94% for the sample period considered in asset pricing regressions. 17 Descriptive statistics for both of the innovation series at a monthly frequency are reported in Table A2 of the Internet Appendix. We drop first 42 months of data on volatility component innovations (as burn-in period) and perform asset pricing analysis covering the period from May 1987 to February 2013 closely around one. The estimated risk quantities ̂, are highly significant regardless of sample currency compositions.
Panel B in Table 5 shows estimates of the factor risk prices obtained from the secondpass cross-sectional regressions. The risk price estimate for the short-run volatility component, ̂ , is negative but economically negligible. The GMM-HAC and Shanken (1992) corrected standard errors also imply that the estimated risk price is statistically insignificant irrespective of samples. This is not too surprising since most of the corresponding estimated betas in the first-pass regressions are insignificantly different from zero. We find that the risk price estimate for the long-run volatility component, ̂ , is -0.097 for the all country sample and -0.048
for the developed country sample. The estimated factor risk prices are also significantly different from zero. The negative factor risk price estimate implies that currency portfolios whose excess returns covary positively with long-run component innovations earn lower risk premia as they provide a hedge against increased volatility risk attributed to the long-run component. In contrast, portfolios whose excess returns covary negatively with long-run component innovations demand a higher risk premium. Consistent with other studies in this strand of literature (e.g., Burnside (2012) and Lustig, Roussanov, and Verdelhan (2011)), the estimated risk price on the DOL factor is positive but insignificantly different from zero. This implies that the factor explains none of the cross-sectional variation in payoffs to the currency speculation strategy. Recall that the estimated betas for DOL are close to one and therefore the finding does not come as a surprise. The DOL factor only explains the average level of excess returns for currency portfolios. The cross-sectional 2 is very high at 98% for all and 86% for developed country samples. The mean absolute pricing error is reasonably low at 0.02% and 0.06% for all and developed country samples, respectively. The 2 -statistics based on the GMM-HAC and Shanken (1992) suggest that the null hypothesis of no joint pricing errors cannot be rejected: all of the p-values exceed 10%. The results of the estimations are qualitatively and quantitatively similar when portfolio returns are adjusted for transaction costs (see Table IA3 in the Internet Appendix).
Overall, our results suggest that the pricing effect of global FX volatility on the crosssection of carry trade returns recorded in existing studies is due to the pricing effect of the long- (2013)). 18 These differences suggest that, if short-run volatility pricing effects are really due to binding financial constraints and to price impact of large trades, such effects may exert less power on the cross-section of carry trade returns.
Robustness
Alternative Volatility Decompositions
The asset pricing tests reported in Section 4 are based on the estimates of the CGARCH model discussed in Section 3. In this section, we assess the robustness of our baseline results to alternative volatility decomposition methods which do not necessarily rely on GARCH model estimations. More specifically, we decompose global FX volatility into transitory/shortrun and persistent/long-run components using the following methodologies: (1) two-factor stochastic volatility model of the price range proposed by Alizadeh, Brandt, and Diebold The results of the asset pricing tests using alternative volatility decompositions are reported in Tables IA4−IA6 of the Internet Appendix. In all cases and across all model 18 This evidence is also corroborated by the results reported in Wrampelmeyer (2012) showing that volatility responses to illiquidity shocks are nearly four time larger in the equity market than the FX market.
19 See the Internet Appendix for full details of the model. 20 Permanent-transitory decompositions, generally carried out by variants of the Beveridge and Nelson (1981) decompositions, are also routinely employed in empirical studies in international finance (see, among others, Corsetti and Konstantinou (2012) and the references therein). specifications, the baseline results discussed in Section 4.2 are confirmed and the parameter estimates obtained using alternative volatility decompositions are qualitatively and quantitatively similar to the ones reported in Table 5 .
Country-Level Asset Pricing Results
Early studies routinely assume that carrying out asset pricing tests using portfolios reduces idiosyncratic risk and provides more precise estimates of factor loadings and risk prices (Black, Jensen, and Scholes (1972) and Fama and MacBeth (1973) ). However, Lo and MacKinlay (1990) show that sorting assets into portfolios could potentially lead to datasnooping biases and Ang, Liu, and Schwarz (2010) argue that the aggregation procedure of assets may reduce information by shrinking the dispersion of beta estimates for portfolios and therefore leading to larger standard errors for the cross-sectional coefficient estimates. In order to take into account these issues, we perform country-level asset pricing analysis by running two-pass regressions. The test assets are transaction cost unadjusted excess returns on individual currencies. Table 6 presents the estimated factor risk prices from the second-pass cross-sectional regressions for the samples of all and developed countries. We compute the 95% confidence regions for the point estimates using a bootstrap procedure with 10,000
repetitions. Similar to the portfolio-level analysis, the second-pass regressions do not include a constant. We find that the country-level results from the cross-sectional regressions are also consistent with those for the portfolio-level. The factor risk price estimate for the long-run component of global FX volatility, ̂ , is negative across samples and regression specifications. The 95% confidence region for the risk price estimate does not encompass zero.
But the point estimate shrinks in absolute value (toward zero) for both samples relative to those obtained for currency portfolios. Conversely, the 95% confidence region comfortably encompasses zero for the short-run volatility component. The risk price estimate of the DOL factor is significant for the sample of all countries. This is not unusual since beta estimates for the factor have now much more heterogeneity. But the risk price estimate for the factor remains insignificant for the developed country sample. The 2 measure of cross-sectional fit is much lower than those found for currency portfolios. This is expected as well since excess returns for individual currencies are far noisier than forward discount-sorted portfolio returns.
However, the 2 value drops severely and becomes negative for the all country sample when the two-pass regression excludes innovations of the long-run component. Summing up, these results clearly indicate that innovations in the long-run component of global FX volatility explain the cross-section of individual currency excess returns.
Results for Subperiods
We also conduct time-series and cross-sectional regressions by splitting the full sample Table IA7 of the internet appendix, confirm qualitatively and quantitatively the ones reported in Table 5 currencies become available during this subperiod, which therefore contains more data points.
Portfolios Based on Volatility Component Betas
As a further robustness check, we build portfolios of currencies sorted on their exposure Table 7 reports the summary statistics for the long-run component innovations exposure sorted portfolios based on the samples of all and developed countries. Annualized excess returns and forward discounts monotonically decrease when moving from portfolio 1 to portfolio 5 based on all country sample. The pattern is decreasing (nearly monotone) for the sample of developed countries. The excess return for the HML portfolio (in this case, the excess return difference between portfolio 1 and portfolio 5) is about 3% for both samples. Portfolios with currencies in relatively low long-run volatility component beta quintile correspond to relatively high average excess returns, while those with currencies in high volatility beta quintile correspond to low average excess returns. We find variation in skewness for excess return distribution compared to those for forward discount-sorted portfolios reported in Tables   1 and IA1 .
The empirical results presented convey two important messages. First, sorting currencies on exposure to innovations in the long-run volatility component is similar to sorting based on forward discounts. The currency-based risk factor produces spreads in average excess returns across portfolios, a characteristic similar to that of forward discount sorts. Second, the long-run volatility component beta-sorted portfolios are largely related, but not identical, to the conventional carry trade portfolios. These suggest that the long-run volatility is a key state variable driving risk premia in the cross-section of trading currencies confirming the results of the asset pricing tests reported in Section 4.2.
FX Volatility Risk and Macroeconomic Fundamentals
This section extends the evidence provided in the previous sections by investigating the empirical relationship between the long-run component of global FX volatility and observable macroeconomic fundamentals. Since the influential paper by Meese and Rogoff (1983) We aim at shedding some new light on this important issue in the context of FX market by running a three-variable vector autoregression (VAR) system including the long-run component of global FX volatility and two US macroeconomic fundamentals. In light of the findings of existing studies, we select US industrial production and US money balances as suitable macroeconomic fundamentals. 22 The impulse response functions (IRFs) from the third-order VAR model are reported in Figure 2 . 23 The response of the long-run component to a unit positive shock in the industrial production growth is reported in the upper panel and
show a negative and significant reaction for a prolonged period (from month 2 to month 13).
Intuitively, an increase in US output improves expectations of market participants across countries, which in turn lowers FX volatility in the long-run.
The IRF reported in the lower panel of Figure 2 shows that the long-run component is also dynamically related to money balances growth. More precisely, an expansionary US monetary policy induced by an increase in money supply increases FX volatility for a period of time.
The analysis of the IRFs sheds some light on our earlier findings that currencies with a low interest rate covary positively with innovations in the long-run component, while currencies with a high interest rate covary negatively. Intuitively, when the long-run component of global FX volatility driven by shocks to US macroeconomic fundamentals increases, low interest rate currencies provide a hedge but expected to earn lower excess returns on average since the risk price is negative. The high interest rates currencies in this case suffer and therefore investors require a larger compensation reflected by higher excess returns. In this 22 The seasonally adjusted industrial production data are from the IMF International Financial Statistics. We consider monthly growth rate. As a proxy for money balances, we use data on seasonally adjusted M1 stock from the Federal Reserve Bank of St. Louis. Similar to industrial production, we consider monthly growth rate of the M1 time-series. 23 We report the estimated IRFs for a unit positive shock with the 95% confidence intervals. The order of the VAR is chosen based on the Schwartz Bayesian Information Criterion. regard, our empirical findings suggest that the dynamics of macroeconomic fundamentals indirectly influence carry trade returns through the FX volatility risk channel.
Conclusion
This The findings are robust to a battery of robustness checks including different methodologies and parametrizations of the models used to obtain the volatility components, different empirical specifications, including country-level asset pricing, different sample periods, and portfolios sorted on beta-exposure to innovations in the long-run component. We also find that the dynamics of the long-run component of global FX volatility are related to US macroeconomic fundamentals, particularly industrial production and money balances, suggesting an interesting channel through which macroeconomic fundamentals affect the cross-section of carry trade returns.
Table 1 Descriptive Statistics of Currency Portfolios: All Countries
The table presents annualized mean, median, standard deviation, and Sharpe ratio for excess returns of each currency portfolio. The portfolios are constructed using all country sample currencies sorted into five groups at the end of each month t based on their one-month forward discounts at the end of month t. Portfolio 1 includes 20% of currencies with the lowest forward discounts, while portfolio 5 includes 20% of currencies with the highest forward discounts. Avg. denotes the average excess return of the five currency portfolios, while HML denotes the long-short portfolio (i.e., long in portfolio 5 and short in portfolio 1). The table also reports skewness, kurtosis, and first-order autocorrelation coefficient (AC(1)) with associated p-value for each portfolio. Numbers in brackets are t-statistics based on the Newey and West (1987) estimator, while numbers in parentheses are bootstrap pvalues for tests of mean excess return (increasing) monotonicity when moving from portfolio 1 to portfolio 5. The monotonic relationship (MR) test is based on Patton and Timmermann (2010) . The Sharpe ratios are estimated as ratios of annualized means to annualized standard deviations. Panels A and B report excess returns without and with transaction cost adjustments (with bid-ask spreads), respectively. In panel B, excess returns for portfolio 1 are adjusted for transaction costs that incur in a short position, while those for portfolios 2 to 5 are adjusted for transaction costs that incur in long positions. All excess returns are monthly (%) reported in USD. 
Table 2 Time-Series Estimation of the Volatility Components
The table presents the descriptive statistics of the global FX return and the quasi-maximum likelihood estimates of the CGARCH model introduced by Engle and Lee (1999) Fama and MacBeth (1973) two-pass regressions for the linear factor model based on the dollar risk factor (DOL), short-run volatility component innovations (SRVI), and long-run volatility component innovations (LRVI). The test assets are transaction cost unadjusted (without bid-ask spreads) excess returns of five portfolios constructed using currencies from all and developed country samples, respectively. Panel A shows results for the first-pass time-series regressions where excess returns are regressed on a constant (α), DOL, SRVI, and LRVI. Panel B reports factor prices (λ) obtained from the second-pass cross-sectional regressions without a constant. Numbers in brackets are robust standard errors based on the GMM-HAC procedure, while numbers in parentheses are the Shanken (SH, 1992) corrected standard errors. The table also 
Table 6 Country-Level Asset Pricing Results
The table presents cross-sectional asset pricing results from the Fama and MacBeth (1973) second-pass regressions for the linear factor model based on the dollar risk factor (DOL), short-run volatility component innovations (SRVI), and long-run volatility component innovations (LRVI). The test assets are transaction cost unadjusted excess returns (without bid-ask spreads) of individual currencies. The second-pass cross-sectional regressions are performed without a constant. Panel A shows the estimated factor prices (λ) for the all country sample, while panel B presents factor prices for the developed country sample. Numbers in parentheses are the 95% confidence regions based on a bootstrap procedure. See also notes to Table 5 . 
Table 7 Portfolios Sorted on Long-Run Volatility Component Betas
The table presents annualized mean, standard deviation, and Sharpe ratio for excess returns of each portfolio. The portfolios are constructed using currencies sorted into five groups based on their exposure to long-run volatility component innovations. The volatility betas for each currency in month t are obtained by regressing respective currency's transaction cost unadjusted (without bid-ask spreads) excess return on a constant and long-run volatility component innovations under a 36-month rolling window that ends in month t-1. All portfolios are rebalanced every month. The table also reports skewness, kurtosis, and annualized average (%) forward discount [( − )/ ] for each portfolio. Numbers in brackets are t-statistics based on the Newey and West (1987) estimator. The Sharpe ratios are estimated as ratios of annualized means to annualized standard deviations. Portfolio 1 includes 20% of currencies with the lowest long-run volatility component betas, while portfolio 5 includes 20% of currencies with the highest long-run volatility component betas. Avg. denotes the average excess return of the five beta-sorted portfolios, while HML denotes the long-short portfolio (in this case, long in portfolio 1 and short in portfolio 5). Panel A reports results for portfolios constructed using all country sample currencies, while panel B shows results for developed country sample. Pre-sorting (Pre-) and post-sorting (Post-) long-run volatility component betas for all and developed country samples are reported in the last two rows of the corresponding panels. All excess returns are monthly (%) reported in USD. In each panel, excess returns for the first 36 months are excluded to avoid relying on in-sample estimated volatility component betas for this period. The effective sample period is from May 1990 to February 2013. The upper and lower panels of the figure plot the estimated short-and long-run components of global FX volatility at a monthly frequency, respectively. The short-and long-run components are from the CGARCH model reported in Table 2 The upper panel of the figure plots impulse response function (IRF) for a unit positive shock to industrial production growth (IP) with the 95% confidence intervals. The lower panel plots IRF for a unit positive shock to money balances growth (MB) with the 95% confidence intervals. The (endogenous) variables of VAR(3) are IP, MB, and long-run component (LRV) of global FX volatility. The IRFs are generated through 10,000 Monte Carlo random draws from the orthogonalized residuals with the Choleski ordering of MB, IP, LRV.
